Abstract: We conducted a survey of 170 streams distributed throughout the mountaintop-mining region of West Virginia (USA) and linked stream data to a temporally consistent and comprehensive land-cover data set. We then applied a generalized linear modeling framework and constructed cumulative effects models capable of predicting in-stream response to future surface-mine development within the context of other landuse activities. Predictive models provided precise estimates of specific conductance (model R 2 ≤ 0.77 and crossvalidated R 2 ≤ 0.74), Se (0.74 and 0.70), and benthic macroinvertebrate community composition (0.72 and 0.65). Deletion tests supported the conclusion that stream degradation across the region is the result of complex, but predictable, additive and interactive effects of surface mining, underground mining, and residential development. Furthermore, we found that as stressors other than surface mining are factored out completely, the surfacemining level that results in exceedance of the 300 μS/cm conductivity benchmark increased from 4.4% in the presence of other stressors to 16.6% when only surface mining was present. Last, extrapolating model results to all unsampled stream segments in the region (n = 26,135), we predicted high levels of chemical (33%) and biological (67%) impairment to streams on the current landscape. Of this total impairment, however, <25% could be attributed to surface mining alone. These results underscore the importance of multistressor landuse models for reliable predictions of stream conditions, and the difficulty of interpreting correlations between surface mining and stream impairment without fully accounting for other landuse activities.
Managing aquatic resources in actively developing watersheds requires a thorough understanding of relationships between anthropogenic activity and altered in-stream conditions. Considerable effort has been put toward assessing effects of individual landuse activities, such as urbanization (King et al. 2011) , agriculture (Cuffney et al. 2000 , King et al. 2005 , and mining (Petty et al. 2010 , Lindberg et al. 2011 , Bernhardt et al. 2012 , Merovich et al. 2013 . However, at regional scales, the likelihood that aquatic systems are affected by multiple and often covarying landuse activities increases (King et al. 2005 ). Failure to properly account for important landuse activities could result in confounded relationships between individual landuse activities and aquatic conditions, which could lead to inappropriate and potentially counterproductive management decisions (King et al. 2005) . Moreover, stressors associated with multiple landuse activities combine additively and synergistically across space and time to result in unique patterns of degradation (i.e., cumulative effects; Duinker and Greig 2006, Seitz et al. 2010) . Thus, successful management of aquatic resources in regions influenced by multiple landuse activities will require addressing individual and cumulative effects of all current and future landuse activities at appropriate spatial scales.
A recent effort has been made to construct models capable of predicting and forecasting aquatic conditions in the face of multiple landuse activities (Luo et al. 2011 , Kepner et al. 2012 . Processes underlying ecosystem response to landuse change often are very complex (e.g., macroinvertebrate community response to urbanization; King et al. 2005) , particularly at large spatial scales. Therefore, mechanistic models (mathematical models based on key mechanisms or processes) often are not feasible, so that statistical models (mathematical models based on correlations between predictor and response variables) are necessary when managing aquatic systems in actively developing watersheds , Strayer et al. 2003 . Statistical models also enable continuous description of ecological conditions at multiple spatial scales and are increasingly used by resource managers to make decisions regarding proposed landuse activity (Carlisle et al. 2009 , Merovich et al. 2013 .
The mountaintop removal-valley fill (MTR-VF) mining province of central Appalachia represents a dynamic region where present-day anthropogenic alteration of natural landscapes is a major threat to aquatic resource sustainability (Palmer et al. 2010) . Recent studies have linked increased specific conductance and associated dissolved ion (e.g., Ca ) and trace element (e.g., Se) concentrations and decreased biological condition to the extent of upstream surface mining (Lindberg et al. 2011 , Bernhardt et al. 2012 , Cormier et al. 2013 ). Our own research has shown that extent of surface mining interacts with other landuse activities, such as underground mining and residential development, to result in high levels of chemical and biological degradation within specific areas of this region .
In a previous study, we developed models for predicting habitat quality, water quality, and biological condition from landscape characteristics within a single 8-digit hydrological unit code (HUC) watershed in the MTR-VF mining region of West Virginia (Coal River watershed) . Our current objectives were to: 1) determine if the strength and pattern of relationships observed in the Coal River watershed are consistent across watersheds and spatial scales (i.e., within and across all watersheds) in the MTR-VF region of West Virginia, 2) develop and validate models for predicting aquatic response to landuse change, and 3) apply these models to predict and summarize aquatic conditions in all unsampled stream segments and summarize exceedance of chemical and biological criteria by landuse context (i.e., specific combinations of major landuse activities).
METHODS

Study area
The study area consists of the eight 8-digit hydrologic unit code (HUC) watersheds that intersect the primary MTR-VF mining region in West Virginia. These watersheds collectively drain 20,795 km 2 and include the Elk River, Gauley River, Upper Kanawha River, Coal River, Upper Guyandotte River, Lower Guyandotte River, Twelvepole Creek, and Tug Fork (Fig. 1A) . Underlying geology consists of interbedded Pennsylvanian-age sandstone, siltstone, shale, and multiple layers of low-S coal. Land cover in the study region is predominantly forested (∼80%). Coal mining (surface and underground) and residential development are the dominant forms of land use. Surface mining accounts for ∼3% (600 km 2 ) of total land area throughout the study region, and there are >2000 underground mine national pollution discharge elimination system (NPDES) permits. Residential land use accounts for 6% of total land area, and there are >325,000 residential and commercial structures (WVSAMB 2003) . The remaining land cover area is mostly composed of grass and pasture lands. Coal mining and residential land use are pervasive in the region, but their intensities vary among 8-digit HUC watersheds (Fig. 1B-D) .
Landscape data
We used spatial analysis functions in ArcGIS ArcMap (version 10.1; Environmental Systems Research Institute, Redlands, California) in conjunction with flow tables to calculate cumulative measures of each landscape attribute for all 1:24,000 segment-level watersheds (SLWs) in the study region (Strager et al. 2009 ). We used land-cover classifications derived from 2011 National Agricultural Imagery Program (NAIP) to characterize base land cover and use across the study region (Maxwell et al. 2011 ). NAIP imagery is flown during July, so we were able to link the timing of our landuse characterization and in-stream sampling. Base land-cover classifications included forest, grass, and pasture lands, barren development, and open water. We used surface-mining permit boundaries developed by the West Virginia Department of Environmental Protection (WVDEP), which includes permitted areas for all surface-mine types and operations, to further differentiate mining related grasslands (i.e., reclaimed mine lands), barren development (i.e., active mine lands and mine facilities), and open water (i.e., mine impoundments). We used topographic maps in conjunction with known abandoned mine land locations to delineate the area of surface mining conducted prior to implementation of the Surface Mining Control and Reclamation Act (US Congress 1977) . We summed all surfacemining land-cover classes (i.e., active and reclaimed, slurry impoundments, mine facilities, and abandoned mine lands) to obtain a measure of the total percentage of upstream surface-mining land use. We obtained underground mine NPDES locations from the WVDEP and used these data to calculate the cumulative density of underground mine NPDES permits (no./km 2 ). We summarized data created by the Statewide Addressing and Mapping Board (WVSAMB 2003) to calculate the density of residential and commercial structures (no./km 2 ) as our final measure of residential development ). However, we also summarized % residential development as characterized by the 2006 National Land Cover Database (NLCD), which enabled us to compare our results with those of previous studies (Bernhardt et al. 2012 ).
Site selection
We selected 170 SLWs throughout the MTR-VF region of West Virginia as study sites (Fig. 1A) . We constrained our site selection to the 26,135 stream segments with basin areas <40 km 2 . All sites were selected to be independent of one another with respect to downstream drainage and to be evenly distributed across the following watershed combinations: Coal River (n = 40); Upper and Lower Guyandotte River (n = 40); Elk, Gauley, and Upper Kanawha Rivers (n = 40); and Tug Fork and Twelvepole Creek (n = 50) ( Fig. 2A) . We used 2009 land-cover and landuse data equivalent to the 2011 data used in analyses to guide site selection. Study sites were selected to represent the full range of regional conditions across a range of influence from surface mining (0-99%), residential development (structure densities ranging from 0-108 structures/km 2 ), and underground mining (0-1.12 permits/ km 2 ) ( Fig. 2B-E) . We selected sites along independent landuse axes where each major activity (i.e., surface mining, underground mining, and residential development) occurred in isolation and in combination to the extent possible ( Fig. 2B-E ). This sampling design helped ensure our landscape-based measures of anthropogenic disturbance did not co-vary and that we could successfully quantify the individual and combined (i.e., additive and interactive) effects of all 3 land uses.
Physical, chemical, and biological attributes
We linked the timing of in-stream sampling to the collection of aerial photographs used to construct our landscape data set to ensure that our measures of habitat quality, water quality, and biological condition accurately reflected the degree of landscape stress. We sampled physical, chemical, and biological conditions once at each site during the summers (July-August) of either 2010 or 2011. Reaches were defined as 40× mean stream width (Barbour et al. 1999) . We quantified habitat quality with US Environmental Protection Agency (EPA) rapid visual habitat assessments (RVHA; Barbour et al. 1999) . We obtained instantaneous measures of temperature, pH, dissolved O 2 , and specific conductance with a YSI 650 equipped with a 600XL sonde (Yellow Springs Instruments, Yellow Springs, Ohio) calibrated prior to each sampling date. Stream water samples were filtered using a Nalgene ® filtration unit with a mixed cellulose-ester membrane filter (0.45-μm pore size) that was fixed with HNO 3 to pH < 2 for measurement of dissolved Al, Ca, Fe, Mg, Mn, Na, Zn, K (EPA method E200.7) and Ba, Cd, Cr, Ni, and Se (EPA method E200.8; mg/L). We also obtained 2 unfiltered water samples. The first was fixed with H 2 SO 4 to a pH < 2 for measurement of NO 2 − and NO 3 − (EPA method SM4110B) and total P (EPA method SM4500-PBE; mg/L). The 2 nd unfiltered sample was used to measure total and bicarbonate alkalinity (EPA method SM2320 B; mg/L CaCO 3 equivalents), Cl, and SO 4 2-(EPA method E300.0), and total dissolved solids (EPA method SM2540; mg/L). Analytical methods were standard Figure 2 . Scatter plots showing influence of structure density and surface mining across all study sites (n = 170) (A), and in the Coal River (n = 40) (B), Upper and Lower Guyandotte Rivers (n = 40) (C), Elk, Gauley, and Upper Kanawha Rivers (n = 40) (D), and Tug Fork and Twelvepole Creek (n = 50) (E) watershed groups. Size of symbols in panels B-E reflect the relative number of underground mine national pollution discharge elimination system (NPDES) permits upstream of each site. chemical methods for water and wastes (USEPA 1983) . We stored samples at 4°C until analyses were completed at Research Environmental and Industrial Consultants, Inc., Beaver, West Virginia. Duplicate physiochemical measurements and samples were taken at 10% of sites, and one field blank was obtained during each sampling event. Habitat quality scores, YSI measurements, and reported water-chemistry variables from duplicate sample pairs were within ±20%. Results of field blanks were generally below method detection, but several blanks showed slight contamination, particularly for Mn, Fe, and Zn.
We sampled macroinvertebrate communities following procedures established by WVDEP Watershed Assessment Program (WVDEP 2009). We obtained kick samples (net dimensions 335 × 508 mm with 500-μm mesh) from 4 targeted riffles at each site. We combined organisms and debris into a single composite sample that was immediately preserved with 95% ethanol. We subsampled macroinvertebrates in the laboratory following the 200-count method (WVDEP 2009). We identified organisms to genus, except for Mollusca (family), Chironomidae, Hydracarina, Oligochaeta, and Nematoda, with keys provided by Merritt and Cummins (2008) . We compiled abundance data into 2 macroinvertebrate multimetric indices developed for West Virginia streams. West Virginia Stream condition index (WVSCI; Gerritsen et al. 2000) is a family-level index applied statewide within a single index period. Genus-level index of most probable stream status (GLIMPSS) (Pond et al. 2013 ) is calibrated by region and season. We used GLIMPSS (CF), which does not require genus-level identification of individuals within the taxa Chironomidae and Oligochaeta. Both WVSCI and GLIMPSS score sites on a scale of 0-100, with scores <68 and <54 categorized as impaired, respectively. Duplicate community samples were obtained from and taxonomic identification and enumeration were verified for 10% of study sites. WVSCI and GLIMPSS scores for duplicate sample pairs were within ±20% for 94 and 65% of duplicate study sites, respectively.
Statistical analyses
We used general linear models with deletion tests to construct models for predicting in-stream condition from % surface mining, underground mine NPDES permit density, and structure density. We tested for normality using Shapiro-Wilk tests and transformed variables to best approximate normality and meet assumptions of parametric analyses and linearize relationships. We fit initial maximal models specifying 2-way interactions among all landuse predictors. We included latitude and longitude to correct for any geographic effects on observed patterns of stream condition. We conducted variance inflation factor (VIF) analysis to test for potential multicollinearity among covariates in the initial maximal models. Covariates with a VIF > 10 were removed from the global model (R package DAAG; Maindonald and Braun 2013) . We then applied a backward deletion (using deletion tests) to remove variables until we arrived at the minimum adequate model (i. e., model in which all predictors are significantly different from 0 and explanatory power does not differ significantly from the maximal model) for each response variable (Phillimore and Owens 2006, Hejda et al. 2009 ). Deletion tests assess the significance of increased residual deviance with variable removal (analysis of deviance tables and F-tests; α = 0.05) (Crawley 2005) .
We constructed separate models for each of our 8-digit HUC watershed groups (i.e., Coal River; Upper and Lower Guyandotte River; Elk, Gauley, and Upper Kanawha Rivers; and Tug Fork and Twelvepole Creek) and regional models with data from all study sites. We performed leave-one-out cross-validations to assess and compare predictive accuracy for each model. We calculated cross-validation (CV) coefficients (i.e., R 2 between CV predictions and observed values) and root mean square prediction error (RMSE) to assess predictive accuracy of each model. Because transformations often differed between models, we compared predictions using RMSE of back-transformed CV predictions. We assessed the power of regional models to predict within individual watersheds by comparing CV RMSE associated with regional-and watershed-specific model predictions within each watershed. We tested for independence of errors by correlating model residuals with spatial location (i.e., latitude and longitude) using Mantel tests. Models were constructed in R (version 2.15.0; R Project for Statistical Computing, Vienna, Austria). We used functions in packages DAAG and ecodist for cross-validation and Mantel tests, respectively (Goslee and Urban 2007, Maindonald and Braun 2013) .
We were interested in quantifying the extent to which multiple landuse activities confound relationships between surface mining, the dominant form of landuse change in the region (Palmer et al. 2010) , and aquatic conditions. Previous efforts to quantify direct relationships between surface mining and altered in-stream conditions have often included sites with low levels of residential development and have not directly considered effects of underground mining , Bernhardt et al. 2012 , Cormier et al. 2013 ). Therefore, we constructed a series of simple linear regressions between surface mining and specific conductivity across sites within various landuse contexts (i.e., presence or absence of residential development and underground mining) and quantified the point along the surface mining gradient at which the recognized benchmark for specific conductance (300 μS/cm; Cormier et al. 2012) was crossed. We constructed initial relationships (and 95% confidence intervals) across sites with <4% development, regardless of underground mining to remain consistent with previous efforts (Bernhardt et al. 2012) . We then reran these analyses after removing sites with any development (i.e., structure densities > 0 structures/km 2 ) or underground mining (i.e., NPDES permit densities > 0 permits/km 2 ). Nonoverlapping 95% confidence intervals at recognized standards indicated significant differences. We conducted Mantel tests correlating residuals with space (i.e., latitude and longitude) to ensure stream segments were unconfounded.
Last, we used minimum adequate watershed-specific and regional models to predict chemical (specific conductance and Se) and biological (WVSCI and GLIMPSS) condition throughout the study region. Predictions were constrained to SLWs with drainage areas <40 km 2 (n = 26,135) to remain consistent with basin areas used during model construction. We quantified the number of stream segments exceeding recognized standards for specific conductance (300 μS/cm; Cormier et al. 2012) , Se (5 μg/L; USEPA 1987), WVSCI (<68; Gerritsen et al. 2000) and GLIMPSS (<54; Pond et al. 2013) . We characterized and summarized streams exceeding each criterion by their landuse context (i.e., combination of the 3 landuse activities). We mapped stream conditions (ArcMap version 10.1; Environmental Systems Research Institute, Redlands, California) to show spatial patterns of degradation.
RESULTS
Landscape models
Watershed-specific minimum adequate models for RVHA consisted of single landuse variables: either structure density (Coal River, Tug Fork, and Twelvepole Creek) or surface mining (Elk, Gauley, and Kanawha Rivers). RVHA in the Coal River watershed also increased with latitude. Surface mining and structure density had additive effects on RVHA in the Upper and Lower Guyandotte Rivers. Deletion tests supported additive models for specific conductance, suggesting significant effects of surface mining and structure density in all 4 watershed groups. Underground mine density also had an additive effect on specific conductance in the Coal River and Tug Fork and Twelvepole Creek watershed groups (Table 1) . Most minimum adequate models for Se consisted of surface mining only (Coal River; Elk, Gauley, and Kanawha Rivers; Tug Fork and Twelvepole Creek). However, deep mining had a significant negative effect on Se concentration within the Upper and Lower Guyandotte River watersheds. We observed significant additive effects of surface mining and structure density on decreased WVSCI and GLIMPSS across all watershed groups (Table 1) . Underground mine density had an additional negative effect and a positive interactive effect with structure density on WVSCI and GLIMPSS within the Coal River watershed (Table 1) . WVSCI and GLIMPSS decreased with latitude in the Tug Fork and Twelvepole Creek watershed group (Table 1). WVSCI increased with longitude in the Upper and Lower Guyandotte and Elk, Gauley, and Kanawha River watershed groups. GLIMPSS increased with longitude in the Elk, Gauley, and Kanawha River group (Table 1) .
Watershed models predicting specific conductance tended to be the most precise, explaining between 68 and 77% of variation and offering good predictive ability during leave-one-out cross-validation (CV R 2 0.63-0.74; Table 2 ). Se models were more variable among watersheds, explaining between 36 and 74% (CV R 2 0.31-0.70) of variation (Table 2 ). Watershed models for WVSCI and GLIMPSS explained between 36 and 61% (CV R 2 0.25-0.50) and 49 and 72% (CV R 2 0.38-0.65) of variation within a given watershed, respectively (Table 2 ). Models predicting RVHA were least certain, explaining between 14 and 29% (CV R 2 0.08-0.18) of the variation among watershed groups (Table 2). Mantel tests indicated slight spatial correlation in residuals of Se (Guyandotte River and Tug Fork and Twelvepole Creek watershed groups) and specific conductivity (Elk, Gauley, and Kanawha Rivers and Tug Fork and Twelvepole Creek watershed groups) models (Table 2) .
At the scale of the entire region, the minimum adequate model for RVHA was an additive model that included surface mining, structure density, and longitude (Table 1) . Deletion tests supported an additive model for specific conductance, suggesting significant effects of % surface mining, underground mine density, and structure density across all study sites (Table 1) . The minimum adequate model for Se was a single-variable model consisting of % surface mining. We observed significant additive effects of % surface mining, underground mine density, and structure density on decreased WVSCI and GLIMPSS, with a significant positive interaction between underground mining and structure density (Table 1) . WVSCI and GLIMPSS increased with longitude, whereas GLIMPSS decreased with latitude. Regional models predicting water chemistry were more certain (CV R 2 = 0.69 and 0.48 for specific conductance and Se, respectively) than those for biological condition (CV R 2 = 0.41 and 0.51 for WVSCI and GLIMPSS, respectively). The model predicting RVHA was least certain (CV R 2 = 0.11) ( Table 2) . Mantel tests identified spatial correlation among Se model residuals (Table 2) .
Regional and watershed-specific models tended to have similar predictive power (i.e., similar CV RMSE of backtransformed predictions) when predicting physical, chemical, and biological conditions within individual watersheds (Table 2) . However, watershed-specific models often performed considerably better than the regional model when predicting Se. This was particularly true within the Upper and Lower Guyandotte River watersheds (Table 2) .
Surface mining was significantly related to specific conductance across sites within both landuse contexts (i.e., surface mining only and <4% development and various underground mine densities) (Table 3) . However, the surface mining extent resulting in specific conductivities >300 μS/cm was significantly higher (nonoverlapping 95% confidence intervals) following complete removal of residential development and underground mining influence (Table 3 , Fig. 3 ).
Regional application and scaling A total of 26,135 SLWs drain <40 km 2 and account for ∼24,180 stream km. About 33% of these SLWs were predicted to have specific conductivity >300 μS/cm by both watershed-specific (8544) and regional models (8733) (Fig. 4A) . Watershed-specific and regional models predicted Se concentrations exceeding the chronic criterion in 6% (1569) and 5% (1287) of streams, respectively (Fig. 4B) . Watershed-specific and regional models predicted biological impairment as defined by WVSCI in 41% (10,626 and 10,728, respectively) and GLIMPSS in 65% (17158) and 67% (17525) of streams, respectively (Fig. 4C, D) . With the exception of the most extreme northeastern portion of the study area, biological (Fig. 4C, D) and chemical (Fig. 4A, B) degradation were pervasive at the SLW scale. However, the geography of degradation was much different for biologically and chemically impaired SLWs. Biological condition was often predicted to be lowest (red end of the color ramp) along direct tributaries to mainstem channels (Fig. 4C, D) , whereas conductivity and Se were highest (brown end of the color ramp) in small headwaters along ridgelines (Fig. 4A, B) . Approximately 50% of all biologically impaired streams (i.e., WVSCI < 68, GLIMPSS < 54) were in watersheds where residential development was the only land use (Fig. 5) . About 20% of biologically impaired streams were affected by both surface mining and residential development, and an additional 20% also had underground mining. Only ∼10% and 15% of biologically impaired stream segments as defined by WVSCI and GLIMPSS were in watersheds where surface mining was the only land use, respectively (Fig. 5) . Nearly 30% of streams with specific conductivities >300 μS/cm were in watersheds affected by surface mining, underground mining, and residential development (Fig. 5) . Approximately 25% of chemically impaired stream segments were in watersheds affected by surface mining and development, whereas an additional 25% were characterized by surface mining only (Fig. 5) . Only 14% of chemically impaired streams were in watersheds affected by only residential development. We did not consider contexts for streams exceeding the Se chronic criterion because surface mining was consistently the only land use variable to result in increased concentrations (Table 1) .
DISCUSSION
Complex cumulative (i.e., additive and interactive) effects of multiple landuse activities, including mountaintop mining, influenced aquatic conditions throughout the MTR-VF mining region. The effects of surface mining and residential development were largely consistent across all watershed groups. Surface mining and residential development resulted in consistent, additive effects that increased specific conductance and decreased biological condition. Surface mining also resulted in increased Se concentrations in all focal 8-digit HUC watersheds. Residential development resulted in decreased habitat quality in all watersheds except the Elk, Gauley, and Kanawha Rivers, where surface mining was the sole landuse variable to have a significant effect on habitat quality. Surface mining and residential development had additive effects that decreased habitat quality in the Upper and Lower Guyandotte watersheds.
The effects of underground mining on aquatic conditions were highly variable. In the Coal River, Tug Fork, and Twelvepole Creek watersheds, underground mining had an additive effect that increased specific conductance, and in the Coal River, it had an additive effect that decreased biological condition. Underground mining exhibited inconsistent positive effects on water chemistry and biological condition. Underground mining had an additive Table 3 . Linear regressions between specific conductance (SpC, μS/cm; d = 3 ffiffi ffi x p )-transformed) and surface mining (SM; c = arcsin√x-transformed). Initial regressions were constructed across sites with <4% development, regardless of underground mining intensity (initial; n = 89). We then constructed regressions following removal of sites with any remaining development or underground mining (surface mining [SM] only; n = 18). Equations and R 2 are presented for each relationship. Both were significant at p < 0.05. Exceedance criteria represent the point along each linear relationship at which the SpC benchmark (300 μS/cm) is crossed. Mantel r ( p-value) coefficients indicate correlations between residuals of each relationship and spatial location (latitude and longitude). Figure 3 . Relationships (and 95% confidence intervals) between specific conductance (μS/cm) and % surface mining across sites with a combination of residential development characterized by structure density, underground mining, and % surface mining (hollow circles; n = 89), and across sites with only surface mining (solid circles; n = 18). Horizontal dotted lines correspond to the 300 μS/cm specific conductance benchmark. Specific conductance was 3 ffiffi ffi x p -transformed and surface mining was arcsin√(x)-transformed. effect that decreased Se (lower Se concentrations when deep mining occurred in combination with surface mining) in the Upper and Lower Guyandotte watersheds. Moreover, underground mining exhibited a positive interaction with residential development on biological condition (higher condition at equivalent levels of residential development when underground mining was also present) in the Coal River watershed. We know of no other landuse activity that can have positive and negative influences on aquatic conditions.
Our results add to a growing list of studies linking surface mining to degraded aquatic conditions in the MTR-VF region. Several studies have documented increased specific conductance and Se and decreased biological condition proportional to incremental increases in the extent of surface-mine land use (i.e., simple cumulative effects of increasing a single land use) (Lindberg et al. 2011 , Bernhardt et al. 2012 , Cormier et al. 2013 . Previous work has also quantified significant impacts on RVHA score (Pond et al. 2008 ) and component metrics, such as increases in fine sediments (Paybins et al. 2000 , Wiley et al. 2001 ). Our results also support studies documenting strong effects of residential development on in-stream physical, chemical, and biological condition and additive cumulative effects of residential development and surface mining on decreased chemical and biological conditions (Pond 2010 , 2013 .
Previous studies also have identified significant effects of underground mining on specific conductance and biological condition in the MTR-VR region. Notably, Merriam et al. (2013) observed effects of underground mining within the Coal River watershed, West Virginia, that mirrored those of our study (i.e., additive effect on specific conductivity and biological condition and a positive interactive effect with residential development on biological condition). They postulated that underground mine effluents ameliorate effects of untreated residential wastewater on macroinvertebrate community composition. Our results support this assertion and further suggest that underground mines are associated with decreased Se concentrations in certain regions. Underground mines might . Stream segments are shown with respect to severity of impairment associated with specific conductivity (>300 μS/cm), Se (>5 μg/L), WVSCI (<68), and GLIMPSS (<54).
Volume 34
September 2015 | 1015 dilute concentrations of surface mine-controlled contaminants or might tend to occur in geologic regions with lower Se availability in parent materials. However, the patterns appear to be localized in individual watersheds, and the effects of underground mining are highly variable among watershed groups in the MTR-VF region.
Incorporating complex additive and interactive effects associated with multiple landuse activities enabled us to construct statistical models capable of predicting specific conductance (R 2 ≤ 0.77 and CV R 2 ≤ 0.74), Se (R 2 ≤ 0.74 and R 2 ≤ 0.70), and biological condition (R 2 ≤ 0.71 and R 2 ≤ 0.65) with a high degree of precision. Our current results add to previous studies modeling aquatic condition from correlative relationships with landuse characteristics (see Strayer et al. 2003 , Merovich et al. 2013 . Advances in geographic information system and remote sensing technologies and enhanced availability and quality of ecological data sets have improved our ability to link spatial patterns in land use to altered in-stream conditions (see Merovich et al. 2013 ). Empirical models often represent the best or only option in complex systems that are difficult to model mechanistically , Strayer et al. 2003 . Few mechanistic models exist for predicting biological endpoints from land use because these relationships are influenced by numerous physical, chemical, and hydrological intermediaries (Van Sickle et al. 2004 , King et al. 2005 .
However, care must be taken when using correlative statistical models to manage aquatic systems in actively developing watersheds. We demonstrated that low levels of residential development (i.e., <4%) and underground mining activity significantly alter statistical relationships between surface mining and in-stream conditions (i.e., omitted variable bias), and highlight the need for models that incorporate all relevant landuse activities. We also observed potential biases resulting from the spatial scale at which our statistical models were constructed. In some instances, watershed-specific models considerably outperformed regional models, particularly when predicting Se in the Upper and Lower Guyandotte watersheds. These results confirm previous work noting the importance of spatial scale when modeling in-stream conditions from landuse characteristics (Strayer et al. 2003 , Ode et al. 2008 , Waite et al. 2010 . Models constructed at incorrect spatial scales are likely to be based on correlations that fail to accurately reflect causal relationships and may produce inaccurate predictions of current or future condition. Regional and watershed-specific models tended to predict with similar accuracies, but models incorporating data from more than one 8-digit HUC watershed in the MTR-VF region may fail to predict watershed-specific nuances between land use and in-stream conditions accurately (e.g., positive effect of underground mining on Se in the Upper and Lower Guyandotte watershed).
Proper study design can help ensure that statistical models accurately reflect mechanisms underlying aquatic responses to landuse change. We took several measures to minimize potential biases. First, we linked the timing of in-stream sampling with the construction of an up-to-date landscape data set. Temporal congruency among data sets helps ensure accurate statistical relationships between land use and observed in-stream conditions (Strayer et al. 2003 , Allan 2004 ). Second, we sampled along independent and combined landuse gradients to produce a data set largely free of confounding, multicollinearity, and bias (i.e., VIF < 10 and minimal spatial correlation among residuals). Our sampling design also enabled us to quantify additive and interactive effects of multiple landuse activities. Third, we replicated sampling along each gradient at multiple spatial scales to enable us to quantify spatial variability in relationships and the spatial scale most appropriate for modeling aquatic conditions in response to landuse change. Thus, we are confident that our current models can be used to reliably predict aquatic response to landuse change within the MTR-VF region of West Virginia. One caveat, however, applies to the models for Se, which tended to have significant spatial correlation among residuals and the lowest observed R 2 values. These results suggest that other factors, such as coal and surrounding geology, probably strongly affect Se concentrations throughout much of the MTR-VF region (see Vengosh et al. 2013) .
We predicted high levels of chemical (33% of streams and 8071 km with specific conductivities > 300 μS/cm) and biological (41% and 9654 km with WVSCI < 68; 67% and 15614 km with GLIMPSS < 54) impairment resulting from cumulative effects of multiple landuse activities. However, only ∼10% of streams predicted to be biologically impaired occurred in watersheds where surface mining was the only land use. Approximately 40% were predicted as impaired as a result of surface mining and at least one additional land use, and 50% were impaired as a result of residential development alone.
These results agree with previous conclusions in which investigators have argued the importance of addressing nonsurface-mining stressors when managing aquatic resources in the MTR-VF region . Merriam et al. (2013) used similar equations to predict aquatic responses to simulated future surfacemine scenarios in the Coal River watershed, West Virginia, and found that effects of new simulated surface mines were highly dependent on pre-existing landuse context (i.e., presence of pre-existing surface mines, underground mines, and residential development). Petty et al. (2013) predicted watershed-scale improvement in aquatic conditions (also within the Coal River watershed) when effects of underground mining and residential development were addressed. Our current results further suggest that contextdependent response to surface mines and restoration potential of nonsurface-mining stressors will vary among watersheds throughout the central Appalachian region.
The differences in complex effects of multiple land uses among watersheds could be explained in several ways. Most notably, natural variability in physiographic and biotic conditions often results in differences in observed relationships between land use and in-stream conditions at larger spatial scales (Ode et al. 2008 , Petty et al. 2010 , Heino 2013 . Numerous investigators have observed considerable variability in relationships between land use and physiochemical (Utz et al. 2011 ) and biological (Mykrä et al. 2008 , Waite et al. 2010 , Utz et al. 2010 ) conditions across ecoregion boundaries and physiographic provinces. In the northern coalfields of West Virginia, relationships between mining intensity and in-stream condition were highly dependent on underlying coal geology (Petty et al. 2010) . Eight-digit HUC watershed appears to be an important regional variable when attempting to relate land use to degraded aquatic conditions in the MTR-VF mining region. Thus, models probably should not be used to predict aquatic conditions outside of the watershed for which they were constructed.
We observed considerable differences in certainty and accuracy among watershed-specific models predicting WVSCI and GLIMPSS (R 2 range: 0.36-0.61 and 0.49-0.72, respectively). Moreover, we predicted impairment in ∼25% of additional streams when modeling GLIMPSS compared to WVSCI. These results corroborate those of previous efforts to compare the response of these 2 metrics to land use in the MTR-VF region. Pond et al. (2008) observed stronger correlations with and better responsiveness to stressors associated with surface mining when using GLIMPSS than when using WVSCI. In the same study, GLIMPSS detected impairment in ∼20% of moderately impacted sites that went undetected by WVSCI (Pond et al. 2008) . These results suggest taxonomic resolution probably is important to our ability to model the integrity of benthic communities and designate impairment in the MTR-VF region.
Variability in metacommunity processes also may have influenced our ability to predict biological condition at the watershed scale (see Heino 2013) . Recent research suggests that metacommunity dynamics (i.e., species sorting and mass effects) often are embedded within watershedscale models of biological condition and that environmental variables probably affect community structure differently among watersheds (Mykrä et al. 2007 , Heino et al. 2012 . Testing for underlying metacommunity processes was outside of the scope of our study, but continued research should be aimed at quantifying the extent to which metacommunity processes control spatial patterns of observed community composition.
Successful management of aquatic systems in the MTR-VF region will require addressing the effects of multiple landuse activities (surface and underground mining, and residential development) through targeted restoration and protection actions aimed at improving conditions across hierarchical spatial scales. We provided statistical models for predicting current in-stream physical, chemical, and biological conditions for the entire MTR-VF region of West Virginia. These models can be combined with scenario analysis to predict aquatic responses to proposed landuse and management activities in watersheds throughout the central Appalachian region (see Merriam et al. 2013 . The framework outlined here is transferrable to other regions where aquatic systems are affected by multiple landuse activities.
